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ABSTRACT Mock communities are an important tool for validating, optimizing,
and comparing bioinformatics methods for microbial community analysis. We pres-
ent mockrobiota, a public resource for sharing, validating, and documenting mock
community data resources, available at http://caporaso-lab.github.io/mockrobiota/.
The materials contained in mockrobiota include data set and sample metadata, ex-
pected composition data (taxonomy or gene annotations or reference sequences for
mock community members), and links to raw data (e.g., raw sequence data) for each
mock community data set. mockrobiota does not supply physical sample materials
directly, but the data set metadata included for each mock community indicate
whether physical sample materials are available. At the time of this writing, mockro-
biota contains 11 mock community data sets with known species compositions, in-
cluding bacterial, archaeal, and eukaryotic mock communities, analyzed by high-
throughput marker gene sequencing.
IMPORTANCE The availability of standard and public mock community data will
facilitate ongoing method optimizations, comparisons across studies that share
source data, and greater transparency and access and eliminate redundancy. These
are also valuable resources for bioinformatics teaching and training. This dynamic re-
source is intended to expand and evolve to meet the changing needs of the omics
community.
Important steps in the development of bioinformatics methods are the identificationand acquisition of useful test data sets. For microbiome bioinformatics tools, test data
sets frequently take the form of simulated data (1–3), data from natural microbial
communities that are considered to be well understood (3), or “mock community” (MC)
data (4–6). Each of these data types has its own pros and cons. With simulated data, a
model is developed to generate artificial data computationally, e.g., simulated marker
gene sequence reads. Because the developer of the simulated data has complete
control over the model, the true values of the optimization criteria, e.g., the relative
abundance of different species in a sample, are known with certainty. Although this is
very useful, optimizing a method on simulated data fits the method to work well on the
results of the model used for simulation, and hence, simulated data must incorporate
technologically relevant error models (1, 2). This can be problematic if the model is not
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a good representation of reality, e.g., if appropriate error models have not yet been
developed for a new technology/version. Natural microbial communities are on the
opposite end of the spectrum. Assumptions are not made in generating the data but
are made about the true values of optimization criteria because the right answer, the
actual composition of a natural community, is not necessarily known. Mock microbial
communities attempt to provide a balance between these two types of test data for
microbiome method benchmarking by providing data on samples of actual biological
origin but also of a known composition. Thus, MC sample data are technologically
relevant (i.e., represent actual experimental observations) to enable method evalua-
tions under actual working conditions. It is important to stress that none of these
approaches is perfect, and combining multiple test data types is common and likely to
provide insight beyond evaluations using either data type on its own.
An MC is a defined mixture of known microbial strains. To make an MC, axenic
cultures are deliberately combined in precise ratios such that the species composition
is known. If the genomes of these strains are sequenced, the expected collective gene
content can be inferred, yielding a mock metagenome (7). This mixture is then
processed as if it were a natural community sample, including DNA extraction, ampli-
fication of marker genes such as 16S rRNA genes (if applicable), and sequencing. This
allows the generation of real sequence data, nullifying concerns about assumptions
made during the generation of simulated data sets, and provides known optimization
criteria, though in practice, some uncertainty is still present. One limitation of mock
communities, however, is that they often are composed of few taxa relative to natural
microbial communities, so overfitting of methods to unrealistic conditions is still
possible, emphasizing the importance of employing different types of test data, as was
done previously (3, 6). MCs have been widely used in microbiome method develop-
ment, including development of sequencing protocols (4, 8, 9), validation of sequence
quality control (5, 10–12), and evaluation and comparison of bioinformatics methods
for marker gene (13, 14) and metagenomics sequencing (7, 15).
We consider MCs to be composed of three parts. First, the physical sample materials
consist of microbial cells, DNA, RNA, or other biological materials, which are not hosted
by mockrobiota. Second, expected composition data comprise taxonomy or gene
annotations and abundances and reference sequences of community members, e.g.,
16S rRNA gene sequences. The third component is raw data, such as raw sequence data
obtained from marker gene sequencing of the MC. MCs are a valuable community
resource, and public sharing of standardized MC data will facilitate ongoing method
improvements for the omics community, direct comparisons among studies that share
source MC data, and greater transparency and access to source MC data and eliminate
redundancy, as developers can bypass the time-consuming task of generating new MCs
if appropriate MC data sets already exist. The use of multiple test data sets is advisable
to generalize method optimization across different conditions (16) and to avoid over-
fitting, underlining the value of standard and public MCs to accelerate bioinformatics
method development.
RESULTS AND DISCUSSION
We present mockrobiota, a public resource for sharing, validating, and documenting
MC resources. mockrobiota is open source and hosted on GitHub, an online software
revision control and collaboration tool. The materials contained in mockrobiota include
data set and sample metadata, expected composition data that are annotated on the
basis of one or more reference taxonomies, links to raw data for each MC data set, and
reference sequences for MC members. Reference sequences are optional but are
strongly encouraged, as these greatly enhance the usefulness of the associated MC, as
discussed below. mockrobiota does not supply physical sample materials directly, but
the data set metadata included for each MC indicate whether physical sample materials
are available from the contributor. If so, relevant contact information is listed for
requesting that material directly from the contributor. Because of storage limits, raw
sequence data are stored not in mockrobiota itself but rather in other public resources
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such as FTP servers or the QIITA database (https://qiita.ucsd.edu/) and linked directly
from the GitHub repository. These links to raw data are automatically validated regu-
larly as described below.
At the time of this writing, mockrobiota contains 11 MCs with known species
compositions (including bacterial, archaeal, and eukaryotic MCs) analyzed by high-
throughput marker gene sequencing (Table 1). Known taxonomies of these samples are
annotated with Greengenes (17) and SILVA (18) reference taxonomies for bacterial/
archaeal samples, SILVA for eukaryote samples, and UNITE (19) for fungus-only eu-
karyote samples. Translating from an MC developer’s taxonomic description of a sample
to relevant taxonomic database annotations can be time-consuming and error prone.
The availability of these annotations in mockrobiota will therefore save time and
increase consistency across studies that use these data. MCs can be utilized in a few
simple steps (Fig. 1).
Attributes of each MC are summarized in data set metadata tables viewable in the
mockrobiota repository and linked from a master table (https://github.com/caporaso-
lab/mockrobiota/blob/master/inventory.tsv), facilitating navigation and selection of the
MCs that best fit users’ needs. From these tables, users can directly access links for
downloading MC data, metadata, and auxiliary files. The repository also contains
guidelines for formatting and contributing new resources to mockrobiota (https://
github.com/caporaso-lab/mockrobiota/blob/master/CONTRIBUTING.md). All core MC
resources are available in common file formats to facilitate universal access without any
specific software requirements. This allows end users to “plug and play” their MCs of
choice into analysis pipelines without software bottlenecks, though it does not guar-
antee compatibility with all analysis software/versions. For example, mockrobiota does
not update raw sequence data to conform to changing formatting standards, because
raw data files are hosted externally.
mockrobiota currently requires expected observation data in the form of sequence
annotations, e.g., taxonomy or gene annotations, but we strongly recommend addi-
tionally submitting reference sequences in the form of accession numbers. Reference
sequences are more useful expected observations for many applications, e.g., quality
control of sequencing data (12); they forgo the need for annotations, which are static
and database specific, and they eliminate the risk of inaccurate annotations, e.g.,
following taxonomy changes or if original source strains were incorrectly identified.
However, not all applications of MCs rely on reference sequences and reference
sequences are not available for all of the source strains in all of the mock communities
currently hosted on mockrobiota. Hence, reference sequence accession numbers re-
main an optional data category.
Importantly, mockrobiota makes use of Travis CI (https://travis-ci.org/) for continu-
ous integration testing to ensure data integrity. Any time a change to any of the
mockrobiota files is proposed, e.g., modification of an existing data set or the addition
TABLE 1 Marker gene sequencing MCs currently available in mockrobiota
Data set
Target
regiona
Read length
(nucleotides) Method
Sample
count(s)b
Strain
count
Original
citation
Mock-1 16S 100 HiSeq 1 E 48 5
Mock-2 16S 150 MiSeq 1 E 48 5
Mock-3 16S 250 MiSeq 2 E, 2 S 22 5
Mock-4 16S 150 MiSeq 2 E, 2 S 22 5
Mock-5 16S 250 MiSeq 2 E, 2 S 22 14
Mock-6 16S 100 GAIIx 3 E 67 6
Mock-7 16S 100 HiSeq 3 E 67 21
Mock-8 16S 100 HiSeq 3 E 67 14
Mock-9 ITS 100 HiSeq 3 E 16 14
Mock-10 ITS 100 HiSeq 3 E 16 14
Mock-11 18S 90 HiSeq 1 E 12 5
aMarker gene sequence target. 16S, 16S rRNA gene; ITS, internal transcribed spacer; 18S, 18S rRNA gene.
bNumber of MC samples contained in MC data set. E, samples with even abundance ratios among strains; S,
samples with staggered (uneven) abundance ratios.
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of a new MC, a series of tests is run to validate all of the data. This includes confirming
that raw data links are valid and accessible, that files hosted in the mockrobiota GitHub
repository are formatted correctly, and that expected taxonomic relative abundances in
each sample sum to 1.000. Together, these ensure that users can always access the data
in mockrobiota (i.e., links are not outdated) and that all MC data are reliable and
available in consistent formats, facilitating analyses that involve multiple MCs. This
model of using software testing approaches to validate community data resources
would be very useful to generally adopt in bioinformatics and, as illustrated here, is
now simple to implement with free continuous-integration testing systems.
Hosting mockrobiota on GitHub provides an additional major benefit in that the
data are not static. This resource will grow and evolve to meet the needs of the omics
community as more MCs are contributed and to conform to changes in related
resources, such as reference sequence databases and taxonomic annotations. Finally,
hosting on GitHub invites community involvement to contribute, update, revise, and
evaluate MC resources.
MCs provide many benefits for bioinformatics method benchmarking, complement-
ing the use of other test data (e.g., natural and simulated communities). We anticipate
that a public MC database will eliminate redundant effort and improve consistency
across studies that use the same MCs and thereby facilitate method advances for the
benefit of the entire microbiome research community. Standard MCs are also useful for
teaching and training, providing reliable test cases with expected observations against
which students and researchers can hone their skills. We hope that mockrobiota will fill
these gaps and that community members will contribute to the growth and develop-
ment of this resource.
FIG 1 Example usage of mockrobiota MC resource for marker gene and metagenome sequencing pipelines.
MC data sets are selected on the basis of multiple input criteria, including data set metadata, sample metadata,
and represented taxa. Raw data (e.g., fastq) are demultiplexed, sequences are dereplicated or clustered as
operational taxonomic units (OTUs) (marker gene data) or assembled/scaffolded to template genomes (met-
agenome data), and representative sequences are annotated (e.g., by taxonomy or gene). Observed taxonom-
ic/gene annotations and abundances are compared to the expected composition (expected taxonomic assign-
ments/gene annotations and abundances) of that MC, e.g., to generate precision and recall scores or
correlations between observed and expected values. QC, quality control.
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MATERIALS AND METHODS
Data availability. Links to raw data, database and sample metadata, expected composition data, and
other useful resources are hosted in a public GitHub repository, which can be found at https://
github.com/caporaso-lab/mockrobiota.
mockrobiota is a data resource and does not provide physical samples (e.g., DNA, RNA, cell mixtures)
of MCs. However, contributors are encouraged to share physical samples of their mock communities as
supplies permit. The data set metadata included for each MC indicate whether physical sample materials
are available to be shared and, if so, list relevant contact information for requesting that material directly
from the contributor.
Expected observation data generation. Expected observation data, representing the known
composition of an MC, are provided in mockrobiota in two forms, source data and expected composition
(taxonomy or gene annotation) data. Source data provide a record of the original inputs to the MC as a
list of microbial strains and their relative abundances. Ideally, a strain ID should be provided to identify
a retrievable source strain, allowing accurate tracking and revision of taxonomic information. These data
are generally created by the developer of the MC, and taxonomic groups are not necessarily annotated
with respect to any specific taxonomic reference database. An example of source data is given in Table 2,
and a template example is provided in the mockrobiota data directory. These files consist of two or more
columns. The first column (Taxonomy) lists the taxonomy of each MC member in as much detail as can
be provided by the MC developer. In Table 2, this contains the genus, species, and strain ID of each strain
added to the MC on separate lines. The remaining columns each represent an individual MC sample
contained within the data set. The column heads contain the names of the samples and must correspond
to the sample names listed in the sample-metadata.tsv file for that data set. The values in the column are
the relative abundances at which each taxon is present in the samples.
Expected composition data represent the known composition of the MC (e.g., taxonomies or KEGG
pathways) annotated according to a specific reference database. Like source data files, expected
composition data files are created and carefully reviewed by contributors to mockrobiota; the automatic
integrity checks employed by mockrobiota cannot ensure that expected observation annotations are
accurate. It is in the interest of contributors to ensure the accuracy of their data sets, as poor curation
will deteriorate the quality of results obtained when using a given MC, decreasing the likelihood that the
MC will be used and cited by other researchers. Compilation of expected composition data is not a trivial
task and requires careful review of database annotations to ensure that accurate annotations are applied
to source data. An example of expected composition data is shown in Table 3, corresponding to the
source data example shown in Table 2. In these files, column layout and header naming follow the same
conventions as described above for source files. The first column (Taxonomy) lists taxonomic descriptions
or other annotations associated with each species added to the MC. These taxonomic descriptions (or
other annotations) are drawn from an appropriate reference database, e.g., the Greengenes (17) or SILVA
(18) rRNA gene sequence database. The taxonomic description should be copied directly from the
reference database. If using this MC for comparison of expected versus observed taxonomy assignments,
the same reference database must be used for taxonomy assignment of the MC sequences during
analysis to allow for direct comparison between expected and observed results. The expected compo-
sition data are deposited in mockrobiota in a directory structure that indicates the reference database
name and version used for annotation. For example, expected composition data that list taxonomy
strings from the Greengenes 13_8 release (17) are deposited in mockrobiota/data/mock-X/greengenes/
13_8/expected-taxonomy.tsv, where mock-X is the number assigned to that MC.
Several issues may arise during database annotation that require careful attention, and hence, careful
manual curation of expected composition files is important. Specific taxa may not be represented in a
reference taxonomy at the species level and must be annotated to the nearest common lineage. For
example, Streptococcus mutans and Streptococcus pneumoniae in the source data (Table 2) are annotated
as g__Streptococcus;s__ in the expected composition example above (Table 3).
TABLE 2 Example source composition
Taxonomy Sample 1
Staphylococcus aureus ATCC BAA-1718 0.200
Staphylococcus epidermidis ATCC 12228 0.200
Streptococcus agalactiae ATCC BAA-611 0.200
Streptococcus mutans ATCC 700610 0.200
Streptococcus pneumoniae ATCC BAA-334 0.200
TABLE 3 Example expected composition, annotated with Greengenes 13_8 reference taxonomy
Taxonomy Sample 1
k__Bacteria;p__Firmicutes;c__Bacilli;o__Bacillales;f__Staphylococcaceae;g__Staphylococcus;s__aureus 0.200
k__Bacteria;p__Firmicutes;c__Bacilli;o__Bacillales;f__Staphylococcaceae;g__Staphylococcus;s__epidermidis 0.200
k__Bacteria;p__Firmicutes;c__Bacilli;o__Lactobacillales;f__Streptococcaceae;g__Streptococcus;s__ 0.400
k__Bacteria;p__Firmicutes;c__Bacilli;o__Lactobacillales;f__Streptococcaceae;g__Streptococcus;s__agalactiae 0.200
mockrobiota Microbiome Bioinformatics Resource
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Multiple input strains, listed as separate entities in the source files, may need to be combined under
common annotations in the expected composition files if they are not listed in the reference database.
The relative abundance of an expected taxonomy will be equal to the sum of all of the members
matching that taxonomy. For example, multiple strains may be combined as a single species, or species
not listed in the reference database may be combined under a single genus; note the relative abundance
of g__Streptococcus;s__ listed in the example above.
Reference databases may contain quirks that complicate the annotation of expected composition
files, such as listing strain IDs or different taxonomic lineages for multiple entries of the same species. MC
developers should carefully inspect reference database annotations and all expected composition files.
The accuracy of taxonomic descriptions cannot be checked (i) by mockrobiota’s automatic integrity
checks, because all possible databases that could be used for annotation will not be available to the
testing system, or (ii) by mockrobiota’s developers during pull request reviews. Ultimately, the integrity
of each data set is the responsibility of the contributor.
Expected composition data will consist of one of two types. The first is a marker gene MC (expected
taxonomic composition of a mixture of microbial cells). The taxonomic annotations present in the
expected data will be specific to the database version that is used for analysis and will be meaningless
if used for different database versions. Likewise, they may not match the source annotation, i.e., the
taxonomy of each strain to the best knowledge of the MC’s creator, if taxonomic annotations have been
revised or if the reference database being used does not contain a given taxonomy. The second is a
metagenome MC (expected gene composition of a mixture of microbial cells/genomes). Gene annota-
tions will be reference database specific, as for the marker gene MCs described above.
Other MC data types are theoretically possible and could be included in mockrobiota, which only
defines required information, files, and file formats. Expected data definitions can expand as other MC
data types are contributed to mockrobiota.
The MCs currently deposited in mockrobiota are all marker gene MCs representing known compo-
sitions of microbial species analyzed by marker gene sequencing methods. Taxonomy strings for 16S
rRNA gene MCs (mock-1 through mock-8) were generated with the Greengenes 13_8 release (17) and the
SILVA 119 release (18) sequence reference databases, both prefiltered to 97% sequence identity.
Taxonomy strings for fungal internal transcribed spacer MCs (mock-9 and mock-10) were generated with
the UNITEINSD database (9/24/12 release) (19) prefiltered at 97% identity and from which sequences
with incomplete taxonomy strings and empty taxonomy annotations (e.g., “uncultured fungus”) were
removed as described previously (20). Taxonomy strings for the 18S rRNA MC (mock-11) were generated
with the SILVA 119 release (18).
Data set metadata. Data set metadata are provided in the base directory for each MC data set in the
dataset-metadata.tsv file. These metadata include important features about the generation of the MC,
citation information, and data accessibility information. The required fields and their definitions are listed
at https://github.com/caporaso-lab/mockrobiota/blob/master/CONTRIBUTING.md.
Sample metadata. Sample metadata files list the metadata associated with individual samples.
The example sample metadata file (https://github.com/caporaso-lab/mockrobiota/blob/master/data/
example-1/sample-metadata.tsv) includes all of the required fields. The first is SampleID; the sample ID
should be a unique identifier for each sample. The second is BarcodeSequence, which is the unique
barcode/index sequence associated with that sample. This will be needed to demultiplex relevant data
from the raw data files. Only IUPAC DNA characters are acceptable. The third is LinkerPrimerSequence,
which is the full forward PCR primer sequence (including any “linker” sequences) used to amplify gene
targets from that sample (if applicable). Only IUPAC DNA characters are acceptable. For nonmarker
gene studies, list “NA.” The fourth is ReversePrimer, which is the reverse PCR primer sequence used
to amplify gene targets from that sample (if applicable). Only IUPAC DNA characters are acceptable.
For nonmarker gene studies, list “NA.” The fifth is PrimerName, the common name of the primer pair
used to amplify gene targets from that sample (if applicable) in the format (forward primer)f-(reverse
primer)r, for example, 515f-806r. For nonmarker gene studies, list “NA.” The sixth is Description, a
short, unique description of the sample. As the README.md and dataset-metadata.tsv files contained
within each MC data set list longer descriptions of the sample(s) included in that data set, this field
should be used primarily to indicate distinguishing features associated with each sample.
Raw data generation. Raw data for MCs fall into different types, corresponding to the MC types and
expected composition data defined above, i.e., Marker gene MC (raw data consisting of marker gene
sequences) and Metagenome MC (raw data consisting of shotgun metagenome sequences).
All raw sequence data are currently linked in fastq format. mockrobiota does not host raw data files
and only ensures that valid, accessible links are provided in the data set metadata. MC data sets that
contain multiple samples are provided in nondemultiplexed files, i.e., one file per sequencing run,
containing multiple uniquely barcoded samples. All raw data files are archived by using the standard gzip
compression format, and index/barcode sequences are provided as a separate fastq file. Reverse
sequencing reads are accepted but not required. All submissions must conform to the standard file
names mock-forward-read.fastq.gz, mock-reverse-read.fastq.gz, and mock-index-read.fastq.gz.
The raw data for each marker gene MC currently available in the repository were generated by 11
separate sequencing runs on the Illumina GAIIx (n  1), HiSeq 2000 (n  6), and MiSeq (n  4), as
described in Table 1 and in the dataset-metadata.tsv files associated with each data set in mockrobiota.
These consisted of genomic DNA from known species isolates deliberately combined at defined rRNA
copy number ratios.
Bokulich et al.
Volume 1 Issue 5 e00062-16 msystems.asm.org 6
FUNDING INFORMATION
This work was funded in part by grants from the Alfred P. Sloan Foundation and the
National Science Foundation (NSF; grant number 1565100) to Rob Knight and J.
Gregory Caporaso.
REFERENCES
1. Angly FE, Willner D, Rohwer F, Hugenholtz P, Tyson GW. 2012.
Grinder: a versatile amplicon and shotgun sequence simulator. Nucleic
Acids Res 40:e94. http://dx.doi.org/10.1093/nar/gks251.
2. Huang W, Li L, Myers JR, Marth GT. 2012. Art: a next-generation
sequencing read simulator. Bioinformatics 28:593–594. http://
dx.doi.org/10.1093/bioinformatics/btr708.
3. McMurdie PJ, Holmes S. 2014. Waste not, want not: why rarefying
microbiome data is inadmissible. PLoS Comput Biol 10:e1003531. http://
dx.doi.org/10.1371/journal.pcbi.1003531.
4. Human Microbiome Project Consortium. 2012. A framework for hu-
man microbiome research. Nature 486:215–221. http://dx.doi.org/
10.1038/nature11209.
5. Bokulich NA, Subramanian S, Faith JJ, Gevers D, Gordon JI, Knight
R, Mills DA, Caporaso JG. 2013. Quality-filtering vastly improves diver-
sity estimates from Illumina amplicon sequencing. Nat Methods 10:
57–59. http://dx.doi.org/10.1038/nmeth.2276.
6. Caporaso JG, Lauber CL, Walters WA, Berg-Lyons D, Lozupone CA,
Turnbaugh PJ, Fierer N, Knight R. 2011. Global patterns of 16S rRNA
diversity at a depth of millions of sequences per sample. Proc Natl Acad
Sci U S A 108(Suppl 1):4516 – 4522. http://dx.doi.org/10.1073/
pnas.1000080107.
7. Freitas TA, Li PE, Scholz MB, Chain PS. 2015. Accurate read-based
metagenome characterization using a hierarchical suite of unique sig-
natures. Nucleic Acids Res 43:e69. http://dx.doi.org/10.1093/nar/gkv180.
8. Kozich JJ, Westcott SL, Baxter NT, Highlander SK, Schloss PD. 2013.
Development of a dual-index sequencing strategy and curation pipeline
for analyzing amplicon sequence data on the MiSeq Illumina sequencing
platform. Appl Environ Microbiol 79:5112–5120. http://dx.doi.org/
10.1128/AEM.01043-13.
9. Gohl DM, Vangay P, Garbe J, MacLean A, Hauge A, Becker A, Gould
TJ, Clayton JB, Johnson TJ, Hunter R, Knights D, Beckman KB. 2016.
Systematic improvement of amplicon marker gene methods for in-
creased accuracy in microbiome studies. Nat Biotechnol 34:942–949
http://dx.doi.org/10.1038/nbt.3601.
10. Schloss PD, Gevers D, Westcott SL. 2011. Reducing the effects of PCR
amplification and sequencing artifacts on 16S rRNA-based studies. PLoS
One 6:e27310. http://dx.doi.org/10.1371/journal.pone.0027310.
11. Mysara M, Leys N, Raes J, Monsieurs P. 2015. NoDe: a fast error-
correction algorithm for pyrosequencing amplicon reads. BMC Bioinfor-
matics 16:88. http://dx.doi.org/10.1186/s12859-015-0520-5.
12. Callahan BJ, McMurdie PJ, Rosen MJ, Han AW, Johnson AJ, Holmes
SP. 2016. DADA2: high-resolution sample inference from Illumina am-
plicon data. Nat Methods 13:581–583. http://dx.doi.org/10.1038/
nmeth.3869.
13. Kopylova E, Navas-Molina JA, Mercier C, Xu ZZ, Mahe F, He Y, Zhou
HW, Rognes T, Caporaso JG, Knight R. 2016. Open-source sequence
clustering methods improve the state of the art. mSystems 1:e00003-15.
http://dx.doi.org/10.1128/mSystems.00003-15.
14. Bokulich NA, Rideout JR, Kopylova E, Bolyen E, Patnode J, Ellett Z,
McDonald D, Wolfe B, Maurice CF, Dutton RJ, Turnbaugh PJ, Knight
R, Caporaso JG. 2015. A standardized, extensible framework for opti-
mizing classification improves marker gene taxonomic assignments.
PeerJ Preprints 3:e1502. https://doi.org/10.7287/peerj.preprints.934v2.
15. Peabody MA, Van Rossum T, Lo R, Brinkman FS. 2015. Evaluation of
shotgun metagenomics sequence classification methods using in silico
and in vitro simulated communities. BMC Bioinformatics 16:363. http://
dx.doi.org/10.1186/s12859-015-0788-5.
16. James G, Witten D, Hastie T, Tibshirani R. 2013. An introduction to
statistical learning: with applications in R. Springer, New York, NY.
17. McDonald D, Price MN, Goodrich J, Nawrocki EP, DeSantis TZ,
Probst A, Andersen GL, Knight R, Hugenholtz P. 2012. An improved
Greengenes taxonomy with explicit ranks for ecological and evolution-
ary analyses of bacteria and archaea. ISME J 6:610–618. http://
dx.doi.org/10.1038/ismej.2011.139.
18. Yilmaz P, Parfrey LW, Yarza P, Gerken J, Pruesse E, Quast C, Schweer
T, Peplies J, Ludwig W, Glöckner FO. 2014. The SILVA and “all-species
Living Tree Project (LTP)” taxonomic frameworks. Nucleic Acids Res
42:D643–D648. http://dx.doi.org/10.1093/nar/gkt1209.
19. Kõljalg U, Nilsson RH, Abarenkov K, Tedersoo L, Taylor AF, Bahram
M, Bates ST, Bruns TD, Bengtsson-Palme J, Callaghan TM, Douglas
B, Drenkhan T, Eberhardt U, Dueñas M, Grebenc T, Griffith GW,
Hartmann M, Kirk PM, Kohout P, Larsson E, Lindahl BD, Lücking R,
Martín MP, Matheny PB, Nguyen NH, Niskanen T, Oja J, Peay KG,
Peintner U, Peterson M, Põldmaa K, Saag L, Saar I, Schüßler A, Scott
JA, Senés C, Smith ME, Suija A, Taylor DL, Telleria MT, Weiß M,
Larsson KH. 2013. Towards a unified paradigm for sequence-based
identification of fungi. Mol Ecol 22:5271–5277. http://dx.doi.org/
10.1111/mec.12481.
20. Bokulich NA, Mills DA. 2013. Improved selection of internal transcribed
spacer-specific primers enables quantitative, ultra-high-throughput pro-
filing of fungal communities. Appl Environ Microbiol 79:2519–2526.
http://dx.doi.org/10.1128/AEM.03870-12.
21. Maurice CF, Haiser HJ, Turnbaugh PJ. 2013. Xenobiotics shape the
physiology and gene expression of the active human gut microbiome.
Cell 152:39–50. http://dx.doi.org/10.1016/j.cell.2012.10.052.
mockrobiota Microbiome Bioinformatics Resource
Volume 1 Issue 5 e00062-16 msystems.asm.org 7
